ABSTRACT Group division is a typical task involved in online social network analysis. Group division can be based on static and dynamic relationships. Compared to static group division, dynamic interactions between users can better reflect the intimacy of relationships between users in the online social network. This paper proposes a group division method based on the analysis of interactive behaviors among users and constructs a single-dimensional network structure between users based on behaviors of connecting, commenting, forwarding, and liking among users. Then, several single-dimensional networks are integrated into one complex network, this complex network is divided into groups and different groups of the online social network are identified. The experimental results show that the group division method based on users and behaviors is effective. The method proposed in this paper is used to identify Tibetan user groups and provides a theoretical basis for analyzing the health statuses of Tibetan user groups from online social networks.
With the rapid development of the Internet and with the rise of Web2.0, digital social network websites have caused more individuals to participate in online social networking, and communication between users is no longer blocked by time or space barriers. This has given people an efficient and convenient way to communicate and share, which has completely changed their lives. Compared with traditional social methods, such as telephone and email, the convenience and speed of online social networks has significantly improved people's desire to communicate. People make friends, chat and build groups based on their relationships in real life or their hobbies. People's behavior on social networks is stored in the database of the website, which highly convenient for scholars who are engaged in sociological behavior research. However, high user volumes, large amounts of data stored and complex network structures pose great challenges to research on social networks.
Group division is a common task of online social network analysis. Group structures have attracted more and more attention from researchers owing to their important properties and broad applications. In the definition of group structure, the edges inside a group are closely connected, and the edges between groups are very sparse. Groups are usually composed of closely connected nodes in the network, and these nodes are often grouped into different functional modules. For example, a group in a citation network is a collection of related papers with the same subject. In social networks, people often establish contacts by adding friends, and as the connections accumulate, social circles form spontaneously, i.e., groups in social networks. These groups are usually composed of a group of individual users who share common interests or friendships. Analyzing these groups can help in studying the social behavior of users in groups, understanding the reasons for the formation of social groups, discovering the hidden rules of social networks and predicting the potential social behavior of users. Therefore, an in-depth study of group structure can help people understand and analyze social networks more effectively. The research results of social network groups have also been applied in reality. For example, shopping sites can be found through a community to achieve the targeted delivery of online advertising; social network websites recommend friends through community; and a network security company considers network security issues from community virus propagation analyses.
This article is of great significance in excavating Tibetan users group from the online Weibo social network. For the government, the group can be quickly and accurately located through the Weibo platform to help understand the group's behavioral developments, reduce the time for both manual offline research and transmitting communication documents between government department levels, increase the visibility of group channels to improve the efficiency of government communication, and control real-time feedback of the policy implementation. For researchers, it can help collect valid social samples on the Weibo and analyze the internal characteristics of Tibetan Weibo users effectively. For enterprises, it has great potential commercial value because it can accurately find the Tibetan users' interests and delivery advertisements accordingly. At the same time, it provides the possibility to analyze the health status of Tibetan user groups through online social networks.
II. RELATED WORKS
Community discovery in online social networks is the process of dividing network nodes into subgraphs according to their inherent levels of topological connection. In the field of computer science, this problem is generally referred to as graph segmentation. Research on graph segmentation can be traced to the last century. Two of the most important algorithms of this field are the Kernighan-Lin algorithm [1] and the spectral bisection algorithm [2] - [6] .
The Kernighan-Lin algorithm is based on the greedy optimization strategy. In defining a target revenue function, the algorithm searches for the network segment that maximizes the targeted revenue function by means of a greedy search. The Kernighan-Lin algorithm can not only find a reasonable network divisionbut also reveal the community structure of a network as a tree diagram to reveal the hierarchical community structure.
The spectral bisection approach is based on the Laplacian matrix of a network. Eigenvalues and eigenvectors of a matrix are used to dichotomize a network topology. By iteratively using this method one can obtain community partitions for more than 2 communities.
Since the 21st century, with the development of complex network science, the problem of discovering a network's community structure has gained more attention from experts in various fields. In 2002, Girvan and Newman [7] proposed a new split algorithm, the GN algorithm. The GN algorithm is essentially a network splitting algorithm that identifies the network connection between communities through a custom edge metric index Edge, iteratively removes the edge of the largest number of messengers, and thus splits the network into several virtual community structures.
In relation to the GN algorithm, Newman and Girvan proposed the concept of modularity based on a comparison of complex and stochastic network features to measure the quality of network community structures [8] . Modularity is an important index for measuring the quality of the network community. Optimizing the objective function is beneficial to better identifying the community structure.
In view of the fact that several nodes in a network topology belong to multiple communities at the same time, Palla et al. proposed the concept of overlapping communities in 2005 as well as the Clique Percolation Method (CPM) [9] - [11] . According to Palla et al., multiple communities exist and there are multiple adjacent communities of k-largest groups in a given community. Adjacent k-largest groups include k-1 nodes, and the k-largest groups belonging to different communities can share the same nodes to form overlapping community structures. This method can better reflect the actual situation in the real network, but it needs to determine the value of K parameter in advance, which is more difficult to apply.
Based on the local structural features of community structures, a community discovery algorithm based on local extension has been proposed. This algorithm is often based on one or several network core nodes and adopts the greedy strategy to absorb nodes surrounding a node into an existing virtual community structure by defining the corresponding local revenue function. As this type of algorithm only makes use of the local network topology, it can identify and analyze the community structure of a user's area of interest without constructing a full network topology diagram [12] .
To improve the efficiency of network community discovery methods, Raghavan et al. proposed a community discovery algorithm based on label propagation [13] . By allocating each node a unique label and by iteratively updating each label value, the algorithm eventually converges to a steady state whereby some network nodes share the same label, and nodes that share the same label value belong to the same community node. This kind of algorithm can discover the network community structure in linear time under the condition of knowing the whole network topology.
Fu et al. [23] proposed a framework to quickly detect groups, they through modify SimHash algorithm to calculate similarity of short text and improve TF-IDF algorithm to accuracy calculate the weights, and they believe there is no clear relation of following each other within the users from the same group, but the sentiment polarity are almost the same.
In the application of community structures, M. S. developed a cloud-supported cyber-physical localization system for patient monitoring assisted by mobile multimedia data analytics [16] , an emotion-aware connected healthcare system using a powerful emotion detection module for multimedia data [17] , a cloud-oriented smart healthcare monitoring framework [18] , a patient state recognition system for the healthcare framework [19] , and a HealthIIoT-enabled monitoring framework through which ECG and other multimedia healthcare data are collected by mobile devices and sensors [20] . Inspired by the software-defined network, Hu et al. [21] proposed an intelligent healthcare-oriented control approach.
The part above illustrate the conventional algorithm how to get the group division and elucidates community division patterns (i.e., group discovery) occurring in a complex network and detects community applications. However, when groups divide real groups in an online social network, the extent to which intimacy between users in a social network must be reasonably expressed in the topology of a complex network, that is, how to represent intimacy between users in a network topology, becomes a key issue in the division of a real group in a social network.
Recently the group division has been widely used in recommender system for many application. Pan et al. [22] use the relationship between tags and users, and the relationship between tags and resources to extract group information, they obtain the topic-Groups based on the bipartite relationship between tags and resources, and interest-Groups based on the bipartite relationship between tags and users. They through learn more user representative information from the tags. And use the information to obtain such topic groups. Through this approach, they conducted experiment on the MovieLens dataset, and demonstrate that the approach can get better performance.
Because the degree of intimacy between users in online social networks is usually manifested through their interactions, this paper proposes a method to divide the Tibetan Weibo users based on a behavior analysis of the users. First, the generation and weights of links between nodes in the online social network topology are analyzed. Then, the interaction between users in the network is analyzed to determine the different interaction behaviors, such as following, commenting, forwarding and liking behaviors, to see how they each influence the intimacy between users and build a onedimensional network according to the different interaction behaviors that describes the impact of different interaction behaviors on the degree of intimacy between users. Finally, the multi-layer single-dimensional network efficiently and group divide are integrated across the integrated networks to get the distribution of different display groups in online social networks. Through the above techniques, we can make a grouping of Tibetan Weibo users and analyze the mobile Weibo users to obtain the health status of Tibetan user groups.
III. ONLINE SOCIAL NETWORK ANALYSIS A. MULTI-DIMENSIONAL NETWORK
The social media network communications of users usually have a variety of forms, which lead to the emergence of a multi-dimensional network. A n-dimensional network can be expressed as:
} A (i) represents users' interactions in the i-th dimension of the network. Through such interactions, users form an implicit group structure. Due to the occurrence of multiple forms of interaction between users, the community structures of multidimensional networks can be very complex. Therefore, it is necessary to integrate the multi-dimensional information of the network by considering the multi-dimensional nature of the networks and determine the group structure within multi-dimensional networks.
B. NODE LINK
The link analysis of a directed network is an important focus for the directed network community: the existence of this two-node side is a link that links two independent nodes together, and there is a relationship between the two linked nodes. A link analysis can not only find the inter-node relationship but can objectively sort the nodes based on their link structures.
Two nodes on two sides of a link affect each other. Usually, two neighboring nodes tend to point to a common node. When there is a link from A to B, the link represents A's recommendation for B; if A and B have a connected edge, they are more likely to be similar than if no edges exist in between.
In most community discovery algorithms, the weight of nodes is always disregarded, or it is simply assumed that all nodes in a network have the same weight. However, interconnections between two nodes in a network always affect one another. Occasionally, even if there is no direct connection between the nodes, they have common characteristics, e.g., a common neighbor node. In a directed network, it is necessary to analyze of the link, such as the common in-degree and out-degree nodes, to further determine the degree of similarity between the nodes and their degree of weight in the network.
C. NODE WEIGHT
In a directed network, the degree of a node is made up of two parts: the in-degree and the out-degree. The higher the degree of a node is, especially the in-degree, to some extent, the node is more important. For example, in a citation network, a well-known article is quoted intensively; the corresponding in-degree of the node is larger, and the popularity and influence of this article are relatively large. If a new article can be cited by this famous article, then the new article will be read and analyzed by more people. Therefore, a citation from a famous article can have a significant impact on the new article, but if an average article cites this new article, then the impact of the new article is relatively weak, and this average article shows a relatively lower in in-degree node in the network because it has received fewer citations.
As the Figure 1 shown, in this network, there are five node A,B,C,D,E. we choose node D to illustrate the node weight. There are three edges point to node D, and the source of these edges are A,B,C, the out-degree is 4,4,4, so we can get:
Therefore, in a directed network, when a node with a relatively large in-degree value points to another node, it has a greater influence on the pointed node, and the contribution of its edge is larger. On the contrary, those nodes with relatively lower in-degree value have less influence on the importance of other nodes, and their contribution to the edge is relatively lower.
The measurement of the node importance, which is also called the calculation of the weight of the node, the weight of the node is recorded as w i , and the node with greater weight in the network has a greater influence on the network.
In social networks, this article assumes that users have the same likelihood of influencing each of their followers. For an N-node network where node M has an edge pointing to node i, the weight of node i is:
where w i is the weight of node i and L i is the out-degree of node i. However, some nodes in the network do have outdegrees. To solve this problem, we assume that the probability that any node in the network affects other nodes is d. The modified weight calculation formula is as follows:
where M is the set of nodes pointing to node i.
D. EDGE WEIGHTS
The different edge weights in a network directly reflect the difference between edges. If a directed edge from node A to node B has a larger weight than that of the edge from node C to node B, then the influence of node A on node B is more obvious than that of node C on node B, and the effect of node A on node B is stronger. This is similar to a friend network: different friends have different relationships with an individual, but acquaintances would have a larger influence. The influences of edges with different weights are different on the same node. Therefore, when considering the weight of nodes, we need to add the weight of the edge to the statistical analysis.
In addition, regarding the affiliation of a node to a community, when a node is more closely connected to a community than it is to other communities, this node is often classified as part of a closely related community when communities are divided. In the case of a non-weighted network, only the number of edges is considered when analyzing the degrees of node membership. For a weighted network, the weight of an edge must be added to standards of node affiliation.
IV. CONSTRUCTION AND GROUP DIVISION OF ONLINE SOCIAL NETWORKS
Most of the work on group discovery in social networks considers only the following information between users without considering the influence of the behavior among users on group division, thus reducing the accuracy of group division. Based on the users' following connection, this paper considers the interaction between users of social networks, such as the influence of comments, forwarding, and likes, constructs a social network structure driven by user behavior, and divides the groups in this network structure.
A. CONSTRUCTION OF A ONE-DIMENSIONAL NETWORK BASED ON FOLLOWING CONNECTION
Taking the user as a node and user's following behavior as a directed edge, a one-dimensional network can be constructed. Since the user's attention is equivalent, the edge of the network has no weight. However, because a large number of users in the network is following a certain user, the influence of this user is increased. Therefore, the nodes in the network have the weights and can be calculated according to the calculation formula in section IV.C.
A network is shown in Figure 2 . The adjacency matrix A (1) (i, j) 1 of the one-dimensional network includes the following connections shown in Table 1 .
In the adjacency matrix A (1) (i, j) 1 an edge points from node i to node j where the node pointing to itself is set as null. According to the formula for weight calculation, calculate iteratively to obtain stabilized results W = { In the initial construction of the network, each user is considered to have the same level of importance to the network.
However, in an actual social network, each node has different weights in a network. Therefore, after determining weights according to the initial network, the weight of a link between initial network nodes must be updated, and the weight of a link denotes the influence of one user node on another based on the following formula:
where w − A (1) (i, j) is the weight of the link by which node i points to node j and w i and w j are the weight values determined by node i and node j, respectively, according to the initial network.
B. CONSTRUCTION OF A ONE-DIMENSIONAL NETWORK BASED ON COMMENTS
In the Weibo network, the users' comments to another user reflect the strength of relationships. In constructing and reviewing a one-dimensional network, we use users as nodes, the direction of an edge in a network runs from the comment sender to the receiver, and the initial weight of an edge is determined by the total number of comments. Meanwhile, as users can comment without following, in constructing a network, whether there is a link between nodes is only dependent on the existence of comments between users. As is shown in Figure 1 , user C does not follow user A, but user C can still make comments to user A. When the commenting behavior is found, there is an edge between A and C, and the weight is defined as the number of comments sent from C to A. However, different nodes in a network have different weights, as different users have varying effects on a network. Nodes with large weights have stronger effects and vice versa. Therefore, we must consider node weight effects when constructing a one-dimensional network driven by comments. As the weights of nodes are obtained from the formula shown in Section 3.1.3, the weight of a node is the sum of the weights of all nodes pointing to it. Therefore, when constructing this network matrix, we add the weight effects of nodes to edge weights between different nodes.
As is shown in Figure 2 , nodes A and B have the same weight. In this paper, we consider the status between A and B to be equivalent or that the impact of A on B is the same as that of B on A. However, weights between A and C are different, and it is clear that A's impact on C is stronger than C's impact on A. Therefore, in constructing the network matrix, we use the product of the weight ratio between nodes and the weight between node edges as the matrix value, and the users' node weights are calculated from the user following network. In this paper, the network matrix based on relationships between user comments is recorded as A (2) (i, j) . The weight of links between nodes is calculated as follows: where w i is the weight of node i, w (2) (i, j) is the weight of link node edges i and j is determined from the number of comments.
For the user in Figure 2 , the same user comment relationship as shown in Figure 3 applies. According to the above calculation method, the following network matrix can be obtained as shown in Table 2 .
C. THE CONSTRUCTION OF A ONE-DIMENSIONAL NETWORK BASED ON FORWARDS AND LIKES
In the Weibo network, forwarding and comment actions between users are similar to comments in reflecting the strength of relationships between users without being limited to whether users follow one another. When building a forwarding one-dimensional network and a liking onedimensional network, we use users as network nodes, we use behaviors between users as edges as done for the comment network, the number of forwards or likes serves as the edge of the initial weight, and the weight of a node is added to the corresponding edge weight according to its effect when constructing the network matrix.
In social networks, it is generally considered that the different behaviors of users have different effects on a single user. Generally speaking, the influence of comments is greater than that of forwarding, and forwarding is more influential than likes are. Therefore, when constructing the forwarding one-dimensional network and likes one-dimensional network, the influence intensity of different behaviors needs to be considered when calculating the weights of the sides in the matrix. In this paper, an influence coefficient is introduced to adjust the weight of the sides in the matrix and thereby make it more in line with the actual situation.
To obtain the influence coefficient, we build the onedimensional network based on pre-labeled Weibo data and measure the impact of commenting behaviors as the standard strength. Thus, the influence coefficient of commenting behavior is θ 2 = 1. Through an analysis of the actual network structure, the influence coefficient for forwarding can be VOLUME 6, 2018 obtained as θ 3 = 0.8, and the influence coefficient for likes is θ 4 = 0.5. Thus, network matrices for the forwarding and likes one-dimensional networks are calculated. The weights of links between nodes in the network matrix are calculated from formulas (5) and (6) as follows:
where w (3) (i, j) is the edge weight of connection nodes i and j based on forwarding behaviors and w (4) (i, j) is the edge weight of nodes i and j based on likes.
D. MULTI-DIMENSIONAL NETWORK INTEGRATION
A multidimensional network consists of a set of dimensions, where each dimension network represents an aspect of the individual activity. For example, the connections among individuals in that dimension. The main target of the multidimensional networks is to find a shared community structure among objects such that a high quality function can be optimized in all dimensions. Section III,C describes the uniform process of the group discovery algorithm, which involves four components: the network, the utility matrix, soft community metrics and node division. As the soft community indicators can be considered structural features extracted from the network, we use soft community indicators to integrate multi-dimensional network information. Integrated algorithms for community identification in multi-dimensional networks include those of network integration, utility integration, feature integration, and division integration.
In the integrated algorithm, network integration simply considers the multi-dimensional network as a singledimensional network and defines the average of the multi-dimensional network as the average of the sum of single-dimensional networks without considering features between nodes represented by a single-dimensional network.
As the Figure 4 shown, there are several single-dimension network, they all have their own structure. In the process of integration, we treat the single-dimension network as one node, ignore their own features, such as the single-dimension network as the Figure 3 shown, we treat it as one node N 1 .
The utility integration algorithm obtains the soft community index by calculating k eigenvectors corresponding to the maximum k eigenvalues of the utility matrix or by taking into account various interactions in the network to achieve objective function optimization. However, it is easily disturbed by noise; The division integration algorithm applies division integration when each dimensional network is completed, it can be regarded as a clustering integration problem. A new similarity matrix can be obtained by dividing the single-dimensional network, which can be regarded as the adjacency matrix of the multi-dimensional network. When the similarity matrix is dense, levels of computation required for group division are very high. Meanwhile, the matrix is divided into groups first, which increases the sensitivity of the algorithm to noise.
The soft community index of the feature integration algorithm extracts structural features from each singledimensional network, and the integration of each singledimensional network takes place at the characteristics layer while the group is divided. It must calculate the soft community index according to characteristics of node interaction of each dimension network. This process can be regarded as a noise removal process, so the subsequent integration can extract a more accurate group structure.
E. GROUP DIVISION BASED ON FEATURE INTEGRATION
Network and utility integration involve averaging to achieve integration. When characteristic integration is achieved by averaging structural eigenvectors, the following formula is used to calculate (7):
In which p is the network dimension and S (i) is the soft community index matrix of the ith dimension network. However, when the optimal solution to the utility matrix of a single-dimensional network is obtained, S is not unique. Therefore, the average method of formula (7) cannot be directly used for the integration of structural features. For example, S = −S is also a valid solution, but averaging S and S does not generate any meaningful structural features.
To describe this problem in detail, we construct a simple 3-dimensional network. The structure of the 3-D network is shown in Figures 5, 6 , and 7; Spectral clustering with normalized Laplacian operators is used to extract soft community metrics from each dimension of the network and to obtain corresponding structural features: 
The soft community indicators of the above three singledimensional networks are averaged according to formula (7), and S are obtained: 
Observations of S show that none of them contain strong group structure information. In applying the K-means clustering algorithm directly, we identify two subsets of networks: {1, 2, 3, 7, 9} and {4, 5, 6, 8}. The division results do not reflect effective population structure information.
Let S (i) l be the l column of S (i) and l = 2 S
2 and S (3) 2 represent a division of the network. Their sum cancels out one another, resulting in a sum of nearly zero, and as S
2 has only a non-zero value assigned to node 9, the second column of S does not offer any useful structural property information.
Through feature integration, we hope that after transformations are made, structural features corresponding to different dimensions of the network can still reflect structural information of the network. Therefore, it is necessary to find the transformation associated with each dimension of the network to maximize the correlation between each pair of structural features extracted from each of the dimensional networks. Upon finding such a transformation, structural characteristics S can be evaluated.
The singular value of a matrix often corresponds to important information hidden in the matrix, and this importance is positively related to the size of a singular value. Each matrix A can be represented as a series of ''small matrices'' with a rank of 1, whereas singular values measure the weights of these ''small matrices'' for A. Therefore, matrix singular value decomposition can effectively maximize the correlation between each pair of structural features extracted from each dimensional network.
The concrete realization of feature integration is as follows. Structural features S (i) extracted from each dimensional network are constructed into a matrix X ,X = {S (1) , S (2) , · · · , S (p) }, and then matrix X is decomposed into singular values. Average structural features of the multidimensional network are proportional to left eigenvectors of matrix X . For the feature integration of the multi-dimensional network shown in Figures 5, 6 , and 7, the following results are obtained:
As set division results in the identification of 2 communities, the maximum 2 left eigenvectors of S and X can be obtained in proportion as follows: 
Using the k-means clustering algorithm for S, we find group divisions {1, 2, 3, 4} and {5, 6, 7, 8, 9}.
V. EXPERIMENT AND ANALYSIS

A. EXPERIMENTAL DATA
At present, the national user community on online social media has not formed standards or a public evaluation dataset, so the corresponding experimental dataset must be obtained and updated manually. This experimental dataset is drawn VOLUME 6, 2018 from Sina Weibo. We used Weibo data crawling tools to crawl Weibo user data as follows:
First, we randomly selected non-Tibetan and Tibetan Weibo user IDs to build an initial seed set;
We then selected Weibo seed users and crawled the text content, comments, comment user IDs, forwarding content, forwarding user IDs and likes user IDs of each Weibo. We also crawled followers' user IDs to determine whether these IDs had been crawled; if not, it was added to the sequence to be crawled.
Finally, user IDs, follower IDs, Weibo content, comments, forwarding content, and corresponding IDs were obtained and stored using data storage format shown in Figure 8 ,9. The flow chart for collecting data is shown in Figure 10 .
A total of 5000 Weibo users and associated 600000 Weibo text data points were collected. According to the single-dimensional network construction method illustrated in Section IV, B, when dividing ethnic groups by user behavior-driven social networks, it is not necessary to consider text content representing the semantics of specific behaviors found among users. Only the impact of the division, that is, the number of statistical actions generated between users, needs to be calculated.
To verify the validity of the proposed method, we conducted an experiment on manually labelled data. After cleaning the crawled data, the groups to which 200 Weibo users belonged were manually labelled, and behaviors observed among them were measured. Among the users examined, there were 121 non-Tibetan users and 79 Tibetan users.
B. EXPERIMENTAL DESIGN
To verify the influence of behaviors observed between users on online social media network grouping, we conducted the following experiments:
Experiment 1: The influence of user's following behaviors on group division; Experiment 2: The influence of a user's following and commenting behaviors on group division integration; Experiment 3: The influence of a user's following and forwarding behaviors on group division integration; Experiment 4: The influence of a user's following and liking behaviors on group division integration; Experiment 5: The influence of a user's following, commenting and forwarding behaviors on group division integration; Experiment 6: The influence of a user's following, commenting and liking behaviors on group division integration; Experiment 7: The influence of a user's following, forwarding and liking behaviors on group division integration; Experiment 8: The influence of a user's following, commenting, forwarding and liking behaviors on group division integration; To verify the stability of the proposed method, five replicated tests were conducted on 100 randomly selected users selected from 200 labeled Weibo users.
C. EVALUATION INDEX
As the data used in this experiment are labeled data, accuracy, recall rate and F1 values are used as experimental evaluation indexes. The accuracy rate refers to the ratio of the number of users with correct grouping results to the total number of users included in the experimental sample. The recall rate refers to the ratio of the number of users of a certain type to the correct grouping result for the experimental sample. The F value is the average of reconciliations and recalls. Corresponding formulas are written as follows:
where T i is the number of correctly classified users, F i is the number of user misclassifications, and N is the total number of samples examined in the experiment.
D. EXPERIMENTAL RESULTS AND ANALYSIS
The experimental results shown in Figure 11 verify that when users are divided into groups on online social networks, considering behavioral relationships between users can significantly improve the accuracy of group division.
The contrast experiments, labeled experiment 1 to 4, show that the commenting behavior among users has the greatest influence on the group division of users. In an online social network, the main communication between users is achieved through the comments. The strength of the comment relationship directly reflects the intimacy of the relationship between users. The second is the forwarding behavior between users because forwarding behavior often leads to comments between users. The like behavior between users does not have much room for improvement in terms of the accuracy of the group classification because a higher like number does not mean that there is a more intimate relationship between users.
The experimental results of experiments 5 to 8 show that grouping can be optimized when the effects of comments, forwards and likes are considered during online social network user group division, as the integration of multi-behavior features can fully represent social relations between users.
The experimental results shown in Figure 12 illustrate that effects of behaviors observed among online social network users on user group division are highly stable.
VI. SUMMARY
In this paper, we present an approach to group division based on the analysis of user interactions in online social networks. By analyzing interactions between users, we can determine mild network topological representations of intimacy between social network groups. Multi-layer and singledimensional network and group division are integrated to determine the distribution of real groups in online social networks. The experimental results show that the proposed method is effective and that the topology network constructed from interactions between users can reasonably represent levels of intimacy between users. At the same time, it shows that different interactions among users have different effects on intimacy levels and are reasonably explainable. The user groups obtained through the grouping of interactive behaviors can be used to determine the health statuses of Tibetan Weibo user groups. In future works, we will analyze semantic information expressed through interactions between users.
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